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ABSTRACT 
 

Recommender systems are integral to the success of modern e-commerce platforms, guiding users to products and 
services that align with their preferences. While traditional systems often rely on past purchase behavior or content 
similarity, the increasing ubiquity of location-based services presents a significant opportunity to infuse geographic 
context into recommendation logic. This article presents a comprehensive overview of how geographic information, 
particularly in relation to population characteristics, can enhance e-commerce recommender systems. We explore 
methodologies for integrating spatial data, discuss the architectural implications, and analyze the benefits and challenges 
of developing location-aware recommendation strategies. Our review synthesizes existing research on point-of-interest 
(PoI) recommendations, location-based services, and geospatial information systems (GIS) within e-commerce, 
highlighting the potential for hyper-personalized experiences and localized business growth. We conclude by outlining 
key research gaps and future directions for leveraging geographic and demographic data to optimize e-commerce 
recommendations. 

 

INTRODUCTION 

The rapid expansion of e-commerce has fundamentally 

reshaped global retail, offering consumers 

unprecedented choice and convenience [Mali & 

Rachmawati, 2022, 14]. At the heart of this digital 

transformation lies the recommender system, an 

essential component for navigating vast product catalogs 

and personalizing the shopping experience [Hussien et 

al., 2021, 8; Nurcahya & Supriyanto, 2020, 17]. These 

systems, typically based on collaborative filtering or 

content-based approaches, aim to predict user 

preferences and suggest relevant items, thereby 

improving user engagement, conversion rates, and 

overall platform revenue [Pleskach et al., 2023, 18]. 

However, traditional recommender systems often 

overlook a crucial dimension of human behavior and 

commerce: geography. While online shopping transcends 

physical boundaries, consumer needs, product 

availability, logistical considerations, and market 

dynamics are profoundly influenced by location and 

population characteristics [Aditia, 2020, 2; Daud et al., 

2020, 5; Jiao et al., 2022, 9]. The rise of location-based 

social networks (LBSNs) and the widespread adoption of 

GPS-enabled devices have generated rich geospatial data, 

opening new avenues for location-aware personalization 

[Cheng et al., 2012, 3; Sharma et al., 2020, 20]. Integrating 

this geographic context can enhance the relevance and 

utility of recommendations, particularly for products and 

services with a strong spatial component, such as local 

food delivery, tourism, or niche regional products. 

This article explores the burgeoning field of geographic 

recommender systems in e-commerce, with a specific 

focus on how population characteristics can be leveraged 

to drive more effective recommendations. We aim to 

systematically review the existing literature to 

understand: (1) The conceptual frameworks and 

architectural considerations for integrating geographic 

data into e-commerce recommender systems. (2) The 

specific techniques employed to incorporate location and 

population characteristics into recommendation 

algorithms. (3) The benefits and challenges associated 

with implementing such systems, particularly concerning 

hyper-personalization and localized market insights. By 

synthesizing these aspects, we provide a comprehensive 

overview and identify promising future research 

directions for advancing geographic recommender 

systems in e-commerce. 

2. Methods 

This section outlines a conceptual methodology for 

integrating geographic and population data into e-

commerce recommender systems, drawing upon 

established practices in systematic reviews and data 



INTERNATIONAL JOURNAL OF ADVANCED ARTIFICIAL INTELLIGENCE RESEARCH 
 

pg. 21  

science. While this article is a review, the "Methods" 

section details the systematic approach for analyzing the 

literature and conceiving such systems based on 

identified research. 

2.1 Conceptual Framework for Geographic Data 

Integration 

The proposed framework for geographic recommender 

systems in e-commerce builds upon existing 

recommender system architectures, augmenting them 

with a dedicated geospatial intelligence layer. This layer 

is responsible for acquiring, processing, and analyzing 

geographic and demographic data to enrich user profiles, 

item characteristics, and contextual information. 

Key Components: 

• Data Acquisition Layer: Gathers raw geographic 

data (e.g., GPS coordinates, addresses, points of interest), 

demographic data (e.g., population density, income levels, 

age distribution from public datasets), and user-generated 

location data (e.g., check-ins, reviews tied to locations). 

• Geospatial Processing Unit (GPU): Responsible for 

cleaning, normalizing, and transforming raw geographic 

data into usable features. This includes geocoding 

addresses, spatial indexing, resolving place description 

inconsistencies [Khodizadeh-Nahari et al., 2021, 11], and 

inferring geographical influences [Cheng et al., 2012, 3]. It 

leverages GIS technologies for efficient spatial querying 

and analysis [Daud et al., 2020, 5; Jiao et al., 2022, 9; 

Mohamed et al., 2023, 16]. 

 • Feature Engineering Layer: Creates rich 

geographic features from processed data. This can 

include distance to nearest points of interest, population 

density of a user's vicinity, demographic profiles of 

specific areas, and spatial proximity between users and 

products. 

• Recommendation Engine: Integrates geographic 

features into traditional recommendation algorithms 

(collaborative filtering, content-based, or hybrid). This 

could involve geographical collaborative filtering [Pohan 

et al., 2023, 19], location-aware matrix factorization 

[Cheng et al., 2012, 3], or real-time adaptive systems 
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integrating personalities and location [Dewan et al., 

2023, 6]. 

• Feedback Loop: Continuously refines the system 

based on user interactions with geographically-aware 

recommendations, similar to e-commerce 

recommendation systems based on consumer behavior 

[Pleskach et al., 2023, 18]. 

2.2 Data Sources and Collection 

To implement geographic recommender systems, 

various data sources would be utilized: 

• User Location Data: Real-time (e.g., from mobile 

devices with consent) or inferred (e.g., from shipping 

addresses, IP addresses). 

• Product/Service Location Data: Physical 

addresses of businesses, service areas, or geographic 

relevance of products (e.g., local produce). 

• Point of Interest (PoI) Data: Databases of 

restaurants, shops, landmarks, etc., which can be 

enhanced by volunteered geographic information 

[Honarparvar et al., 2019, 7]. PoI data is crucial for group 

recommendations [Cruz et al., 2022, 4] and consumer 

feedback in location-based services [Mauro et al., 2022, 

15]. 

• Demographic Data: Census data, population 

density maps, and other public datasets providing 

insights into age, income, cultural background, and other 

population characteristics at various geographic 

resolutions. 

• Environmental Data: Factors like local weather or 

events, which can influence immediate purchasing 

decisions. 

• User Behavior Data: Purchase history, browsing 

patterns, and explicit ratings, as in traditional e-

commerce recommenders [Addagarla & Amalanathan, 

2021, 1; Nurcahya & Supriyanto, 2020, 17]. 

2.3 Algorithm Integration Strategies 

The integration of geographic and population 

information can occur at different stages of the 

recommendation pipeline: 

• Pre-processing/Feature Augmentation: 

Geographic attributes (e.g., user's neighborhood type, 

distance to specific amenities, local population density) 

are generated and added as features to user or item 

profiles before being fed into a standard recommender 

algorithm. 

• Algorithm Modification: Existing 

recommendation algorithms are modified to explicitly 

incorporate spatial distance, geographic influence, or 

population distribution. For instance, collaborative 

filtering can be adapted to consider geographical 

proximity between users [Pohan et al., 2023, 19]. 

 • Hybrid Models: Combining geographic models with 

other techniques (e.g., content-based, collaborative) to 

achieve more robust recommendations. For example, a 

hybrid approach could consider product similarity (e-

SimNet for visual similarity [Addagarla & Amalanathan, 

2021, 1]), consumer price preference [Kompan et al., 2022, 

12], and geographic factors simultaneously. 

• Knowledge Graph Integration: Geographic 

knowledge can be represented in knowledge graphs, 

allowing for more complex reasoning about spatial 

relationships and context [Kacprzyk et al., 2021, 10; 

Kopsachilis & Vaitis, 2021, 13]. 

3. Results 

The systematic review of literature on geographic 

recommender systems in e-commerce, with a focus on 

population characteristics, reveals several key findings 

across different areas of impact and methodology. 

3.1 Enhanced Recommendation Accuracy and 

Relevance 

A primary outcome reported in the literature is the 

significant improvement in recommendation accuracy and 

relevance when geographic context is incorporated. 

Studies show that factoring in location-based social 

networks [Cheng et al., 2012, 3] or user's spatial interests 

[Sharma et al., 2020, 20] leads to more precise suggestions. 

This is particularly evident in recommendations for points 

of interest (PoIs) [Cruz et al., 2022, 4; Mauro et al., 2022, 

15] and local services or products. For example, a system 

recommending a local food item would be more accurate 

if it considers the user's current location and the vendor's 

proximity [Daud et al., 2020, 5]. The addition of population 

characteristics, such as the density of specific age groups 

in a neighborhood, could further refine recommendations 

for products that appeal to those demographics. 

3.2 Support for Localized E-commerce and SMEs 

Geographic recommender systems play a crucial role in 

empowering local businesses and Small and Medium-sized 

Enterprises (SMEs) within the e-commerce ecosystem 

[Mali & Rachmawati, 2022, 14]. By connecting users with 

nearby vendors or services, these systems facilitate local 

consumption and support community economies. Web 

GIS-based online food sales systems are a direct 

application of this concept [Daud et al., 2020, 5]. The ability 

to segment users by geographic clusters and recommend 

products based on the preferences of nearby populations 

can unlock new market opportunities for localized 

traditional products [Aditia, 2020, 2]. 

3.3 Diverse Methodological Approaches 

The literature presents a variety of methodological 

approaches for building geographic recommender 

systems: 

• Matrix Factorization with Geographic Influence: 

Cheng et al. [2012, 3] demonstrated the effectiveness of 
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fused matrix factorization incorporating geographical 

and social influence in location-based social networks. 

This approach learns latent factors for users and items 

while considering their spatial relationships. 

• Spatial Data Models and GIS Integration: Many 

systems leverage Geographical Information Systems 

(GIS) for managing and analyzing spatial data, including 

optimizing e-commerce logistics distribution paths [Jiao 

et al., 2022, 9] and implementing sales systems 

[Mohamed et al., 2023, 16]. Knowledge representations 

in GIS are also explored for contextual understanding 

[Kacprzyk et al., 2021, 10]. 

• VGI and Contextual Information: Utilizing 

volunteered geographic information (VGI) from user 

contributions can enhance location-aware recommender 

systems, especially in providing rich contextual data that 

might be missing from official maps [Honarparvar et al., 

2019, 7]. 

• Adaptive and Personalized Systems: Recent work 

focuses on real-time adaptive location-based 

recommender systems that integrate user personalities 

[Dewan et al., 2023, 6] or customer segmentation for 

hyper-personalized recommendations [Yıldız et al., 2023, 

23]. Healthcare recommender systems also use patient 

profiles and geospatial information [Torres-Ruiz et al., 

2023, 22]. 

• Collaborative Filtering with Geographic 

Information: A review of collaborative filtering 

techniques highlights the integration of geographical 

information to improve recommendations [Pohan et al., 

2023, 19]. This indicates a trend towards making 

established algorithms spatially aware. 

• Hybrid Approaches for Similarity: Systems like e-

SimNet [Addagarla & Amalanathan, 2021, 1] for visual 

similarity in e-commerce, combined with geographic 

filters, can provide comprehensive recommendations. 

Similarly, considering customer price preference along 

with other factors [Kompan et al., 2022, 12] can enrich 

the recommendation process. 

3.4 Impact on User Experience and Personalization 

The ability to provide hyper-personalized 

recommendations is a significant result of incorporating 

geographic and population data. This moves beyond 

generic suggestions to highly localized and 

demographically relevant offerings, creating a more 

intuitive and satisfying user experience. Examples 

include personalized lighting systems [Zarindast & 

Wood, 2021, 24] that might consider the user's 

environment and preference, or smart tourism systems 

leveraging geographical information [Sihotang et al., 

2021, 21]. The use of consumer feedback from location-

based services further refines these systems, tailoring 

recommendations to individual and group preferences 

[Mauro et al., 2022, 15]. 

4. Discussion 

The integration of geographic context and population 

characteristics into e-commerce recommender systems 

marks a significant evolution from traditional approaches. 

While the "Results" section highlights many benefits, a 

deeper discussion reveals inherent complexities and 

critical areas for future development. 

4.1 Challenges and Limitations 

Despite the clear advantages, implementing effective 

geographic recommender systems in e-commerce faces 

several challenges: 

• Data Availability and Granularity: High-resolution 

demographic and real-time location data might not always 

be readily available or accessible, especially across diverse 

geographic regions. Managing inconsistencies in place 

descriptions is also critical [Khodizadeh-Nahari et al., 

2021, 11]. 

• Privacy Concerns: Collecting and utilizing granular 

user location data raises significant privacy concerns. 

Systems must be designed with privacy-by-design 

principles, offering transparent data usage policies and 

robust anonymization techniques. 

• Sparsity and Cold Start: For niche local businesses 

or new users in specific areas, geographic data can suffer 

from sparsity, leading to cold start problems where 

insufficient data exists to generate reliable 

recommendations. 

• Dynamic Nature of Location: User locations and 

environmental contexts (e.g., traffic, weather) are 

dynamic. Real-time adaptive systems [Dewan et al., 2023, 

6] are needed to provide relevant recommendations, 

which adds computational complexity. 

• Semantic Understanding of Location: Beyond 

simple coordinates, understanding the meaning of a 

location (e.g., business district vs. residential area, cultural 

significance) is crucial for highly relevant 

recommendations. Integrating knowledge 

representations in GIS can aid this [Kacprzyk et al., 2021, 

10; Kopsachilis & Vaitis, 2021, 13]. 

• Scalability: As e-commerce platforms grow, 

handling massive volumes of spatial and temporal data for 

real-time recommendations becomes a significant 

scalability challenge. 

4.2 Impact of Population Characteristics 

The explicit incorporation of population characteristics 

offers a powerful layer of personalization beyond mere 

proximity. 

• Demographic Targeting: Understanding the age, 

income, family size, or cultural background of a specific 

geographic area allows e-commerce platforms to 

recommend products highly tailored to that local 

population's needs and preferences. For instance, areas 
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with a high density of young families might receive 

recommendations for children's products, while areas 

with an older demographic might see more health-

related or convenience-oriented services. This feeds into 

hyper-personalized systems focused on customer 

segmentation [Yıldız et al., 2023, 23]. 

• Market Opportunity Identification: Analyzing 

population data in conjunction with product demand can 

reveal underserved geographic markets or emerging 

local trends, informing business expansion strategies for 

e-commerce vendors. 

• Logistics Optimization: Knowledge of population 

distribution and density can assist in optimizing e-

commerce logistics and delivery routes [Jiao et al., 2022, 

9], especially for perishable goods or services requiring 

quick dispatch. 

• Cultural Nuances: Population data can help 

uncover cultural or regional preferences that might not 

be apparent from general purchase history, leading to 

more culturally appropriate recommendations, such as 

in the case of traditional products [Aditia, 2020, 2]. 

4.3 Comparison with Existing Systems 

Traditional content-based [Nurcahya & Supriyanto, 

2020, 17] and collaborative filtering [Pohan et al., 2023, 

19] systems, while effective, often suffer from a "filter 

bubble" effect, where users are only shown items similar 

to their past interactions. Geographic recommenders 

break this bubble by introducing novel, locally relevant 

items. While similar product recommenders like e-

SimNet [Addagarla & Amalanathan, 2021, 1] focus on 

item similarity, geographical context adds a critical user-

centric dimension to the discovery process. The 

integration with PoI recommendations for groups [Cruz 

et al., 2022, 4] and consumer feedback in LBS [Mauro et 

al., 2022, 15] further exemplifies the shift from generic to 

contextually rich recommendations. 

5. CONCLUSION 

Geographic recommender systems, especially those 

enriched with population characteristics, represent a 

compelling frontier in e-commerce personalization. By 

moving beyond traditional behavioral and content-based 

approaches, these systems unlock the potential for truly 

localized and contextually relevant recommendations, 

bridging the gap between the virtual marketplace and the 

physical world. This review has highlighted the 

significant advantages of integrating spatial data, 

including enhanced recommendation accuracy, vital 

support for local businesses and SMEs, and a richer, more 

personalized user experience. 

Despite these advancements, several challenges persist, 

including data availability and granularity, paramount 

privacy concerns, the dynamic nature of location, and the 

need for deeper semantic understanding of geographic 

context. Future research should prioritize the 

development of privacy-preserving techniques for 

collecting and utilizing location and demographic data. 

Furthermore, explorations into advanced spatial machine 

learning models, particularly those capable of real-time 

adaptation and forecasting of localized demand patterns, 

are crucial. Integrating a wider array of contextual 

information, such as local events or real-time traffic, and 

developing robust methods for quantifying the impact of 

population characteristics on purchasing behavior will 

lead to even more sophisticated and impactful geographic 

recommender systems in e-commerce. Ultimately, by 

mastering the interplay of geography and population, e-

commerce platforms can foster deeper connections with 

their users and create more vibrant, locally-attuned digital 

marketplaces. 
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